Traumatic brain injury is a leading cause of disability and injury-related death. To enhance our ability to prevent such injuries, brain response can be studied using validated finite element (FE) models. In the current study, a high-resolution, anatomically accurate FE model was developed from the International Consortium for Brain Mapping brain atlas. Due to wide variation in published brain material parameters, optimal brain properties were identified using a technique called Latin hypercube sampling, which optimized material properties against three experimental cadaver tests to achieve ideal biomechanics. Additionally, falx pretension and thickness were varied in a lateral impact variation. The atlas-based brain model (ABM) was subjected to the boundary conditions from three high-rate experimental cadaver tests with different material parameter combinations. Local displacements, determined experimentally using neutral density targets, were compared to displacements predicted by the ABM at the same locations. Error between the observed and predicted displacements was quantified using CORrelation and Analysis (CORA), an objective signal rating method that evaluates the correlation of two curves. An average CORA score was computed for each variation and maximized to identify the optimal combination of parameters. The strongest relationships between CORA and material parameters were observed for the shear parameters. Using properties obtained through the described multiobjective optimization, the ABM was validated in three impact configurations and shows good agreement with experimental data. The final model developed in this study consists of optimized brain material properties and was validated in three cadaver impacts against local brain displacement data.
deaths. To predict and mitigate or prevent these types of injuries, fundamental injury mechanisms need to be well characterized and understood. While there are many theories about the underlying injury mechanisms of various brain injuries, the biomechanical basis for many of these injuries is not fully understood. Various methods have been used over the years to investigate and gain a deeper understanding of brain injury, including experimental testing of animal models, postmortem human subjects (PMHSs), anthropomorphic test devices (ATDs), as well as computational models of the brain (Stalnaker et al. 1977; Abel et al. 1978; Gennarelli et al. 1982; Meaney et al. 1993; Takhounts et al. 2003; Greenwald et al. 2008) . Finite element (FE) models are powerful tools for investigating injury mechanisms because they provide spatial and temporal distributions of stresses and strains over the problem domain. The quality of a model's predictions, however, is dependent on the accuracy of the modeled geometry and the model's ability to describe complex mechanical behavior and material response.
Many FE brain models with varying degrees of anatomical accuracy, element size and material properties have been developed to study brain injury over the last few decades. The earliest models represented the brain-skull structure with a simple fluid-filled spherical shell; model complexity subsequently increased, and the most advanced models now include the major anatomical brain structures and different material properties for each component in the brain (Kenner and Goldsmith 1972; Chan 1974; Khalil and Hubbard 1977) . Among these are the Royal Institute of Technology Kungliga Tekniska Högskolan (KTH) brain model, the Simulated Injury Monitor (SIMon), the Dartmouth Head Injury Model (DHIM), the Wayne State University Brain Injury Model (WSUBIM) as well as the head models of full-body FE models such as the Total Human Model for Safety (THUMS) and the Global Human Body Models Consortium (GHBMC) (Kleiven and Holst 2002; Takhounts et al. 2003; Ji et al. 2014 Ji et al. , 2015 King et al. 2003; Kimpara et al. 2006; Mao et al. 2013) . The geometry of various structures within these head models was derived from medical images, such as computed tomography (CT) and magnetic resonance imaging (MRI). The model development process typically involves image segmentation to define three-dimensional (3D) surfaces of desired structures followed by a surface-based mesh generation process. During this process, complex anatomical features are frequently simplified and 'smoothed' to enable faster development and simple interaction at model interfaces. One feature of particular importance that is oversimplified in many brain FE models is the surface of the brain. The brain surface is typically modeled as a smooth surface surrounded by a uniform layer of cerebrospinal fluid (CSF), which ignores the intricate folds throughout the brain, called gyri and sulci. This simplification and reduction in anatomical accuracy may significantly impact the model's local brain response and subsequent prediction of injury. Various efforts to study the influence of sulci have been conducted in recent years (Cloots et al. 2008; Ho and Kleiven 2009; Lauret et al. 2009 ). Cloots et al. (2008) compared several two-dimensional models with varying sulci geometries to a homogeneous model with no sulci and found that the stress fields between the models differed. Another limitation of previous models is the substantial amount of time required for the surface-based mesh generation process, which hinders production of patient-specific models. Patient-specific and population-specific models are desirable for studying head injury due to significant variations in brain morphology between individuals (Kleiven and Holst 2002; Urban et al. 2012; Pfefferbaum et al. 1994; Good et al. 2001a,b) .
The objective of this study was twofold. The first objective was to create a high-resolution, anatomically accurate brain finite element model from the International Consortium for Brain Mapping (ICBM) brain atlas using a voxel-based mesh generation approach. The second objective was to optimize the brain and falx material properties using cadaveric experimental data in three distinct impact configurations. This atlas-based brain model (ABM) is proposed as a new tool for studying brain injury that can accurately predict local stresses and strains in brain tissue by providing a high level of anatomical accuracy.
Methods
The ABM was developed from the geometry of the ICBM brain template, a high-resolution structural average of T1-weighted MRI scans of normal young adult brains. The ICBM average brain template is a probabilistic atlas in Montreal Neurologic Institute (MNI) space that represents the average anatomy of a normal adult brain (Mazziotta et al. 1995 (Mazziotta et al. , 2001 ). Cortical gyri, subcortical structures and large brain structures have been manually segmented to create independently labeled regions of the brain including white matter, gray matter and CSF. An FE model was created from this image set by converting each 1-mm isotropic voxel into a single element of the same size using a custom code developed in MATLAB (The MathWorks, Natick, MA). While the high level of detail provided by the atlas allows the opportunity to represent many detailed brain structures, initial model development combined the label maps to include only four distinct parts: cerebrum (combined white and gray matter), cerebellum, CSF and ventricles. Because the model was developed from a skull-stripped image set, there were places on the outer surface of the brain that were not completely covered by CSF initially. Since this is not a realistic representation of the brain-skull interface, a single, uniform layer of CSF was added around the entire model to ensure that there was at least one CSF element between the brain and skull at all points. This additional layer of CSF was 74mL and increased the CSF volume from 192.3 to 266.3mL, which is reasonable when compared to real-world CSF volumes (Matsumae et al. 1996) . The falx cerebri and tentorium cerebelli are important structures in the cranium which were not represented in the ICBM atlas, so they were manually implemented into the model. The falx was defined as a layer of shell elements along the midsagittal plane and the tentorium as a layer of shell elements on the superior surface of the cerebellum, separating the cerebrum and cerebellum (Fig. 1b) . Lastly, a layer of rigid shells surrounding the external surface of the CSF was generated in LS-PrePost to completely enclose the model. The current model, shown in Fig. 1 , has approximately 2 million nodes and elements.
The treatment of interface conditions and the selection of material models and parameters are very important aspects of any FE model. The boundary condition at the brain-skull interface is particularly important because relative motion between the brain and skull is necessary to accurately model the response of the brain. In general, there are three accepted methods of modeling the brain-skull interface: common nodes between the brain and skull, modeling the CSF with a low shear modulus or using various contact algorithms. Some studies may use a combination of these three accepted methods. The second approach was selected in the current model, with all interfaces modeled with merged nodes. This approach preserves relative motion at the brain-skull interface by modeling the CSF as a fluid-like material which allows large element deformations to simulate relative motion. This implementation was motivated by the results of an investigation conducted by Chafi et al. (2009) that evaluated the effects of three different CSF constitutive models: elastic fluid, viscoelastic and nearly incompressible elastic. This study found that the most comparable results to experimental data resulted from modeling the CSF as a fluid-like material (Chafi et al. 2009 ). Material parameter values for all parts excluding the brain, which will be discussed separately, were derived from SIMon (Table 1 ; Takhounts et al. 2003 Takhounts et al. , 2008 . Examining the skull properties in Table 1 , note that the value used for density is so large because the skull is modeled with two-dimensional (2D) shell elements and using a realistic density value would result in a skull mass much lower than expected. The ABM also uses shell elements to model the skull, so to achieve an appropriate mass, skull density was specified to produce a realistic skull mass of approximately 3kg (ρ = 22, 311 kg/m 3 ).
Brain material optimization
The values of brain material parameters vary greatly throughout the literature, which motivates the current optimization study (Table 2 ). Brain tissue is often modeled using a linear viscoelastic material formulation (Takhounts et al. 2003; Kimpara et al. 2006; Mao et al. 2013; Zhang et al. 2001a,b; Al-Bsharat et al. 1999; Horgan and Gilchrist 2004; Jiroušek et al. 2005) . The shear relaxation behavior is described by:
( 1) where G ∞ is the infinite shear modulus, G 0 is the initial shear modulus, and β is the decay constant. Therefore, this material model was selected for material optimization. Brain density (ρ), bulk modulus (K) and the three shear parameters (G ∞ , G 0 , β) were varied using Latin hypercube sampling (LHS) to generate 100 combinations of material parameters or 100 distinct brain material models. Because of the relationship between G ∞ and G 0 in defining shear relaxation, G ∞ must be less than G 0 for every material model generated by the LHS. To accomplish this, instead of varying G ∞ and G 0 independently, G 0 and the ratio G ∞ /G 0 were varied. In LHS, each parameter is varied over a predefined range (Table 2) independent of the values of other variables and orthogonal sampling is employed over the multidimensional sample space to generate samples that are representative of total variability. The parameter ranges displayed in Table 2 were obtained from literature values and other published finite element models. Because the reported ranges for bulk modulus, shear modulus and the decay constant span orders of magnitude, logarithmic sampling was employed for these variables in order to appropriately sample the lower range of values. To evaluate the effect of each parameter and determine the optimal values for each, the performance of the ABM with each material model was compared to experimental data.
Experimental tests
Three experimental tests were investigated in this study: C755-T2 (occipital impact), C383-T1 (frontal impact) and C291-T1 (parietal impact; Hardy et al. 2001; Hardy 2007) . These three tests were chosen for optimization purposes because they cover a range of impact velocities and directions. In these cadaveric tests, local displacements at various locations throughout the brain were analyzed following impacts of varying severity and direction (Hardy 2007) . In each experiment, vertical columns of 5-6 radio-opaque neutral density targets (NDTs) were implanted in the brain, and a high-speed biplanar X-ray system was used to track their relative motion during the impact. Three-dimensional skull kinematics were evaluated with an accelerometer array affixed to the cadaver skull to determine linear and angular velocities at the head center of gravity (CG), which were used as boundary conditions to drive the ABM simulations. In the ABM, nodes closest to the physical location of each NDT were identified with respect to the Frankfurt plane ( Fig. 2) and their displacements were calculated throughout each simulation (Table 3 ). Summary characteristics for the three tests are shown in Table 4 .
Model performance
To evaluate the effect of varying each material parameter and identify the optimal material properties, the accuracy of the ABM's response for each combination of material parameters was quantified. The metric used to quantify the difference between model response and experimental data was CORA (CORrelation and Analysis), a relatively new metric developed to assess FE model performance (Gehre et al. 2009 ). Traditionally, evaluation of an FE model's performance compared to experimental data has been achieved through comparison of peak values, by qualitative evaluation of signal shape, or point-by-point error analysis (Yu et al. 2004 ). In contrast, CORA is an objective rating method that combines two independent submethods, a corridor rating and a cross-correlation rating. These two ratings range from 0 to 1 and are averaged to determine the CORA rating (one indicates a perfect match). The corridor method computes a rating based on where the simulation curve falls in relation to corridors around the experimental curve. The cross-correlation method is based on ratings for the phase shift, size and shape of time-shifted curves. Vavalle et al. (2013) found CORA to be the most comprehensive metric of the three objective rating methods studied (Sprague and Geers, Cumulative Standard Deviation and CORA). Previous methods used to assess model performance are not as strong as CORA because they typically either only look at peak values or use a point-by-point comparison, such as root mean square (RMS), to quantify error. In addition to incorporating both point-by-point and peak value comparisons for assessing model performance, CORA is also able to evaluate the crosscorrelation of two curves.
The ABM was subjected to the boundary conditions from the three experimental tests implemented with each of the 100 brain material models, resulting in a total of 300 simulations. Average CORA values computed from all NDTs were calculated for all 300 simulations to identify the model with the best response and the combination of properties that best correlated with experimental data. It was hypothesized that this would result in similar material parameters for each experimental condition. During the optimization process, however, ideal shear properties for the C291-T1 case were approximately five times larger than for the C755-T2 and C383-T1 cases (Table 4) . Given the lateral configuration of the C291-T1 case, one would anticipate the falx to play a major role in brain response. Additionally, the high shear properties that resulted from the C291-T1 optimization indicated that there was too much lateral motion, or in other words, that the falx was not constraining lateral motion sufficiently.
Falx material optimization
The observation that the shear stiffness of the brain was unusually high to achieve good agreement with experimental data in the lateral impact case motivated investigation and optimization of the falx model. An additional LHS was conducted that varied falx pretension from 0 to 10% and falx thickness from 0.41 to 7mm. These ranges were adapted from Golman et al. (2013) . Pretension was implemented using an optional material card in LS-DYNA that pre-strains the material by a desired factor. The resulting values for pretension and thickness of the falx were then implemented into the ABM with each of the original 100 brain material models, and the C291-T1 optimization was rerun. The tentorium retained its original formulation and material parameters ( Table 1) . The frontal and occipital cases were not rerun because the motion was in the sagittal plane for both cases and not greatly affected by the falx properties.
Data analysis
To quantify ABM performance, a CORA score was computed for all 300 simulations-the three impact conditions with each combination of material parameters incorporated into the model. The single CORA score for each simulation was calculated by first averaging the Xand Z-CORA (or Y-and Z-CORA for the C291-T1 case) scores for each NDT to get individual NDT CORA scores and then averaging all NDT scores to determine an average CORA score for a given simulation. The relationship between CORA scores and material parameters was evaluated by computing the strength of the piecewise linear regression for each parameter. Material parameters were optimized under each impact condition using CORA as the optimization parameter, and the combination of material properties that produced the best result was identified for each of the three impact configurations. Additionally, we can concurrently optimize the material properties against the three impact conditions simultaneously. We do this by averaging the CORA scores for the C755-T2, C383-T1 and C291-T1 cases for the ABM with each combination of material parameters. The model with the highest average CORA between all three impact conditions (using the optimized falx model) was identified, and its material parameters were determined to be the optimal material properties.
Results
The ABM has been developed from the ICBM brain atlas and currently contains 7 parts and about 2 million nodes and elements. The brain and CSF volumes are 1639.4 and 277.1mL, respectively, the total model mass is 5.07kg, and the intracranial mass (cerebrum, cerebellum and lateral ventricles) is 1.85kg. The ratio of hourglass energy to internal energy in the brain was computed for the optimized model and was below the recommended value of 10% (Zhang et al. 2001a) . A typical simulation of the occipital impact (64.5ms) took 1h and 56min on 48 processors; however, model run time is dependent on d3plot output frequency.
ABM response was compared with experimental data for all 100 variations for each of the three test configurations, and average CORA values for each simulation were computed. Relationships between CORA scores and material parameters for each of the test conditions are shown in Fig. 3 . The results for the lateral case shown in Fig. 3 represent the ABM before the falx model was optimized. Also displayed in these plots are piecewise linear regressions for CORA regressed against each parameter. The material properties for the variation with the highest CORA score from each experimental configuration are shown in Table 4 . Figure 4 shows the relationships between CORA and the falx pretension and thickness varied in the falx optimization using the lateral experimental configuration. The parameter sample space and model performance throughout these ranges are represented in Fig. 4c . The results from this variation indicate that the optimal falx pretension is 6.52% and the optimal thickness is 2.86mm. Using these values in the falx model, the brain material optimization in the C291-T1 parietal impact was rerun. The results of this updated optimization are displayed in Table 4 and Fig. 5 ('C291*'). Finally, the material properties that result from concurrently optimizing the CORA values of the three impact conditions were determined (Table 4 ). The concurrent optimization identifies the combination of material properties that has the highest average CORA score between the three impact configurations. These material properties are marked in Fig. 5 with a star ('ALL*').
From Fig. 3 , it can be observed that the shear parameter, G 0 , has the largest influence on CORA. Considering the results from the frontal, occipital and updated lateral (with optimized falx model) optimizations, the relationship between G 0 and CORA for each experimental configuration can be examined (Fig. 5) .
C755-T2
The local displacements of each NDT for each experimental impact are presented in Figs. 6, 7, 8 using the material model obtained through concurrent optimization of all three experimental conditions. Relative displacement results for the NDTs in the C755-T2 are shown in Fig. 6 . The average CORA score for all NDTs (in x-and z-directions) is 0.445. The average CORA score in the x-direction is 0.383 and in the z-direction is 0.508. The NDT with the highest CORA rating in the x-direction was A2 and in the z-direction was P3 with ratings 0.653 and 0.713, respectively. When considering combined x-and z-direction CORA scores, P2 had the highest score of 0.539 and A4 had the lowest with 0.275.
C383-T1
The results for the NDT relative displacements for the C383-T1 impact are shown in Fig. 7 . The average CORA score for all NDTs for the frontal case is 0.421. The average CORA score in the x-direction is 0.391 and in the z-direction is 0.452. The NDT with the highest CORA rating in the x-direction and the z-direction was P6 with ratings 0.564 and 0.675, respectively. The NDT with the highest average x-and z-direction CORA rating was P6 with a score of 0.620, and the NDT with the lowest average CORA score was P1 with a score of 0.261.
C291-T1
The results for the relative displacements of the NDTs in the C291-T1 case are shown in Fig.  8 . The average CORA score for all NDTs for this case is 0.412. The average CORA score in the y-direction is 0.416 and in the z-direction is 0.408. The NDT with the highest CORA rating in the y-direction and the z-direction was PL4 with ratings 0.519 and 0.689, respectively. The NDT with the highest average y-and z-direction CORA rating was PL4 with a score of 0.604, and the NDT with the lowest average CORA score was A4 with a score of 0.207. Refer to Fig.2 for anatomical reference of NDT locations.
Discussion
An FE model of the human brain was developed in the current study using a voxel-based mesh generation approach. A novel method to determine the material properties of the brain was employed using Latin hypercube sampling and CORA to quantify error and optimize response. During this process, brain and falx material properties were concurrently optimized against three cadaver experiments using localized displacement data. The three experiments considered (C755-T2, C383-T1 and C291-T1) were chosen because they are dynamic impacts, varying in impact direction as well as severity of impact which allows for evaluation of the ABM in a wide range of loading conditions. Figure 3 demonstrates the regression strengths between CORA and each material parameter. The parameter with the strongest relationship with CORA is the shear modulus, G 0 with piecewise regression coefficients of 0.755, 0.686 and 0.887 for the occipital, frontal and lateral impacts, respectively. The next largest coefficients result from regressing the shear ratio, G ∞ /G 0 and CORA, and the strongest of these achieves only 0.101, which signifies a much weaker relationship than was observed for G 0 . This supports that G 0 is the most important parameter in determining the localized displacement response of the brain in the set of experimental conditions for which the model was optimized. The general trend between G 0 and CORA is that increasing the shear stiffness improves the CORA rating up until a critical value-after which continued increase in stiffness causes the CORA score to decrease. For the occipital and frontal cases, Fig. 4 indicates this critical shear modulus value occurs around 4.5kPa (log(4.5kPa) = 1.50). The critical value for the lateral case, however, is almost 20kPa (log(20kPa) = 3.00). In other words, during this original material optimization process the frontal and occipital cases optimized to shear properties similar to each other, while the optimal shear properties for the lateral case were about five times stiffer.
The similarity in results between the two cases with motion in the sagittal plane (C755-T2 and C383-T1), which is parallel to the falx, coupled with the divergence of parameters in the lateral case motivated an additional LHS varying falx properties (pretension and thickness). The results of this variation (Fig. 4) show an increase in model performance with increasing pretension up to about 4%, and then a plateau in CORA score to around 8%. With increasing falx thickness, there is an increase in the CORA score up to the critical thickness of 2.86mm followed by a relatively con stant CORA score following this maximum. This plateau in CORA scores between 2 and 3mm supports falx thickness measurements reported in literature, as opposed to the larger values investigated which were not derived from physiological measurements. This plateau behavior indicates that optimized material properties may be achieved without the need to use an unrealistically large falx thickness. The upper value for the thickness range was derived from Takhounts et al. (2003) , who stated that this thickness value is larger than physiologically observed, but was used anyway in an effort to avoid sharp contact along edges of the falx and to ease the numerical contact interaction (Takhounts et al. 2003) .
At first glance, there does not appear to be much improvement in the optimized properties for the lateral case after incorporating the optimized falx model (Table 4) , considering the shear modulus only decreases from 19.20 to 17.26kPa. Looking closer at the relationships between CORA and G 0 (Fig. 5) , however, an interesting characteristic of the relationship in the lateral variation becomes apparent (Fig. 5c )-a local maximum, which was not present when using the original falx model. While the global maximum value of CORA for this variation occurs at 17.26kPa, there is a local maximum at 5.6kPa, which is much more comparable to the shear modulus values obtained from the occipital and frontal optimizations. Furthermore, the result of concurrently optimizing the CORA scores from the three impact conditions produces a shear modulus value very near this local maximum of 5.2kPa ('ALL*' in Fig. 5 ). The shear properties that result from the current optimization study are G 0 = 5.16 kPa, G ∞ = 1.86 kPa and β = 67.6 s −1 (Table 4) . Examining values reported for the initial shear modulus throughout literature, despite an overall range spanning two orders of magnitude, there are a large number of references to values between 5 and 15kPa, which agrees with the value identified in the current study (G 0 = 5.2 kPa). The experimentally derived shear properties of Galford and McElhaney (1970) (G 0 = 6.7 kPa, G ∞ = 3 kPa) and Bilston et al. (1997 Bilston et al. ( , 2001 ) (G 0 = 5.5 kPa, G ∞ = 1 kPa) agree most closely with those derived in the current study.
Accounting for all three impact configurations, the best model response is achieved by using the brain material parameters determined by concurrent optimization of the C755-T2, C383-T1 and C291-T1 cases. Implementing these properties ('ALL*' in Table 4 ) into the ABM, we can evaluate model performance in each of the impact configurations. Examining the experimental NDT motion following the C755-T2 occipital impact, the response is generally characterized by a figure-eight or looping pattern. Each NDT displays a small (∼1 mm) initial displacement followed by a larger displacement in the opposite direction. In general, ABM validation against C755-T2 local displacements shows good agreement with experimental data for nearly all NDTs. In the x-direction, we observe a magnitude discrepancy in A4 and P5 and a phase error in P4. In the z-direction, there is very good shape and magnitude agreement overall; however, there is a slight magnitude difference in A1 and a minor shape difference in P1.
As seen in Fig. 7 , C383-T1 is a longer impact (118ms) with a more complex response than the occipital case (59ms). However, even with this added complexity, the ABM predicts local brain displacements with comparable shape to the experimental data. In the x-direction, the ABM predicts response with very similar shape to the experimental data for A1, A2, A5, A6, P1, P2, P5 and P6. While the overall shape is similar, the ABM under-predicts displacement in the inferior NDTs and over-predicts displacement for more superior NDTs. In the z-direction, the ABM follows the overall trend of the experimental data in most cases (A1-A5, P2-P6), although in the case of the ABM we see more pronounced local minimums and maximums when compared to the experimental curves.
For the parietal experimental condition, there were three columns of five NDTs, one column in the right hemisphere of the brain (site of impact) and two columns in the left hemisphere. For the right NDT column, displacement results were reported for only 3 of the 5 NDTs (1, 4 and 5), and for the posterior column on the left side, results were reported for 4 of the 5 NDTs (2-5). Examining the results of the right NDT column (Fig. 8) , the ABM predicts response very well in overall shape as well as magnitude. In the y-direction, the ABM tends to over-predict displacement in the right NDT column and under-predict in the NDTs in the left column. In the z-direction, Fig. 8 indicates that the ABM over-estimates displacement for PR1, PL2 and PL3 but shows good agreement in magnitude with the remaining NDTs.
Limitations
Limitations of this study include various simplifications and assumptions in the model itself, as well as limitations of the experimental methods considered and their application to FE models. Geometric simplifications of the ABM include the combined gray and while matter in the cerebrum, as well as the omission of some other functionally important brain structures, such as the corpus callosum. Also, while the cerebellum is separate from the cerebrum, it does not have distinct material properties. Even with such simplified geometry, however, the ABM was still able to achieve good overall response and perform well in validation tests. Additional limitations are introduced by the assumption that the brain is homogeneous and isotropic. Previous studies have shown that the material properties of gray and white matter differ from each other and that tissue response is anisotropic; in particular, white matter, which consists of highly oriented bundles of axons, exhibits this behavior (Prange and Margulies 2002) . Recently, models such as the DHIM and the KTH model have implemented fiber orientation and shown changes in strain patterns and magnitudes (Ji et al. 2015; Giordano and Kleiven 2013) . Although the exclusion of fiber orientation is a limitation of the current model, Golman et al. 2013 reported that the inclusion of anisotropy does not significantly improve the model's ability to predict local displacements, so this simplification is accepted in the current model and will be addressed in future model versions. The assumptions of homogeneity and isotropy were used in the current study as a first step in model development to understand the effective response of the brain in a simplified setting. The brain-skull interface is also simplified in the ABM. It is modeled with shared nodes, which does not allow relative motion at the interface of the CSF and skull. While this is a simplification of the brain-skull interface, we investigated other boundary conditions, such as surface to surface and sliding contacts, and determined its formulation had little effect on the results of interest (internal brain displacements) in the current investigation. However, further investigation of improved modeling of this interface is warranted for evaluating localized stress distribution at the surface of the brain. We concluded that the separation of the brain and skull with the CSF material at all boundary locations was sufficient to model relative motion between the brain and skull and resulted in a good response. Another characteristic of the ABM that may introduce error is the 'stairstepped' nature of the elements. Since the ABM was developed using a voxel-based approach, all interfaces in the model possess cubic elements interacting with one another. While this feature of the ABM is not ideal, we did not observe any unusual strains in the edge elements at the boundary between the brain and CSF, probably owing to small element size and the compliant boundary condition created by surrounding CSF. Limitations of the experimental methods include the lack of physiological response when using cadavers. These effects were mitigated by Hardy et al. (2001) by perfusing the specimens with artificial cerebrospinal fluid (aCSF) and conducting the tests in an inverted configuration, which allowed the evacuation of gasses from the intracranial space (Hardy et al. 2001) . Additionally, there is an inherent limitation on the cadavers, considering most specimens are in the elderly population. This is an accepted shortcoming/weakness, however, because it is the best available method to characterize brain response across a range of loading rates. Brain response in living subjects can be quantified using magnetic resonance elastography (MRE), but this method cannot be used to study high-rate loading (Green et al. 2008; Zhang et al. 2011) . Limitations of the application of the experimental conditions include errors introduced by the difference in head geometry between the ABM and cadaveric specimens. The three experimental configurations considered all used different cadavers with slightly different head size and shape, which were all compared to the ABM, which represents the average brain. However, the average brain dimensions for the three cadavers tested experimentally did not differ greatly from the ABM. Additionally, there is error associated with the location of the head CG since it was estimated with respect to the Frankfurt plane using medical images.
Future work
Future development of this model will involve a distinction between gray and white matter, which will allow differentiated material models for both. Additional improvements to these material models will include the incorporation of directional anisotropy (white matter), regional differences and age dependence. Additional brain structures will also be distinguished in the model, including the corpus callosum, brainstem and meningeal layers. A more detailed skull model is another area of interest that will allow a wider variety of impacts to be simulated, such as blunt impact. Improvement to the model will also include enhancement of the brain-skull interface, involving smoothing of the surface elements along contact interfaces. Additionally, the voxel-based approach presented in the current study facilitates the production of patient or population-specific models in the future due to the automated method of model generation, which is an improvement over current models because it does not include a surface-meshing step. This process also provides a consistent model formulation (part definitions, contacts, material properties, etc.) that has been validated, in contrast to various other patient-specific models that have been generated for the purpose of studying relative differences between models and have not necessarily been well validated biomechanically. Furthermore, since the current model was developed from an atlas, it will be possible to use image registration techniques developed for neuroradiology research to warp the atlas to specific subjects to generate subject-specific atlas-based brain models. A detailed comparison of the ABM's performance with other computational models from the literature was beyond the scope and space limitations of the current study but will be explored separately. Overall, the ABM CORA analysis demonstrated improvement over the capabilities of existing, validated brain FE models, and is the first FE model to determine brain material parameters through multiobjective optimization. The detailed anatomical accuracy of the ABM will allow future modeling of injuries like concussion, whose occurrence and severity are dependent on deformation of specific areas of the brain (Meaney and Smith 2011 ). An area of growing interest that is not well understood and could benefit from FE modeling is chronic traumatic encephalopathy (CTE). The pathology of this disease has been extensively studied and is characterized by the deposition of tau proteins at the depths of the sulci (Baugh et al. 2014) . Although the focal nature of CTE pathology has been well characterized, there is relatively little known about the underlying injury mechanisms. If finite element models are to be employed in studying CTE, the inclusion of gyral folds in brain FE models is crucial to gaining a better understanding of the disease, given the focal nature of CTE pathology.
Conclusion
The model developed in the current study from the ICBM atlas is an anatomically accurate brain model developed through voxel-based mesh generation. It is the first dynamic biomechanical finite element brain model to include detailed three-dimensional gyral folds for studying detailed brain deformation that has been validated in multiple cadaver experiments against brain displacement data. It is also the first to utilize multiobjective, multidirectional optimization with quantitative comparison between brain deformations and experimental findings. Since there is substantial variation in reported values of brain material properties throughout the literature, the parameters governing the viscoelastic response of the brain were examined in great detail in this study. Material optimization was performed using a novel method which simultaneously optimized model response in three distinct experimental configurations to establish appropriate values for brain material parameters. The use of multiple experimental conditions in this optimization process allows researchers to verify that the identified properties approach the true properties of the brain, as opposed to creating a model that is highly optimized to one impact configuration of a single severity and direction or developed based on inconsistent material testing methods. Additionally, CORA is applied to the results of each simulation and used to quantify the error between experimental and predicted displacements. CORA is demonstrated to be a powerful metric for evaluating model performance, due to its ability to capture multiple aspects of curve similarities, such as phase and progression.
Even with known simplifications, the ABM is able to predict local brain displacements with considerable accuracy when compared to experimental cadaver data, which supports the model's use in the study and simulation of brain injury. Initial validation of the ABM shows competitive results when compared with existing FE models, and the anatomical accuracy permits enhanced representations of local stress and strain. Investigation of stress and strain distributions from FE models may help characterize injury mechanisms in brain injuries such as concussion. Also, the enhanced detail and accuracy provided by the ABM may allow greater insight into region-dependent injuries, such as CTE and other severe brain injuries including diffuse axonal injury (DAI) and intracerebral hemorrhage (ICH). Further development of the ABM will lead to improved ability to model brain response and predict injury, which aid in a deeper understanding of the biomechanics of head injury. Ultimately, the investigation of injury mechanisms and thresholds through the use of finite element models can be used to predict and prevent traumatic brain injuries. Relationships between CORA and brain material parameters from brain parameter variations in three experimental configurations (using the original falx model in all variations). The simulation with the highest CORA value for each individual impact condition is highlighted CORA relationships with falx pretension (a) and falx thickness (b) for the C291-T1 impact and model performance throughout the parameter space (c) for the falx optimization Table 4 Material properties from each experimental configuration optimization 
